Our understanding of the emergence of life has made considerable progress in the last years, including advances in RNA catalyzed replication [1] [2] [3] [4] [5] [6] [7] [8] , synthesis of nucleotides [9] [10] and base-by-base replication with activated nucleotides 11, 12 . Stable autocatalytic replications of sequence information are thought to be crucial for the evolution into more complex systems. Autocatalytic replications have been experimentally demonstrated with carefully designed ribozymes 13, 14 , where an exponential growth of a group of mutuallycatalytic ribozymes was observed. However, it remains difficult to imagine how complex autocatalytic system could have spontaneously emerged from a pool of random sequences.
LCR experiments from a mixture of sequences under molecule degrading conditions with a ligase protein. At the chosen temperature cycling, a network of positive feedback loops arose from both the cooperative ligation of matching sequences and the emerging increase in sequence length. It generated higher-order replication with frequency-dependent selection. The experiments matched a complete simulation using experimentally determined ligation rates and the hypercycle mechanism was also confirmed by abstracted modeling. Since templated ligation is a most basic reaction of oligonucleotides, the described mechanism could have been implemented under microthermal convection on early Earth.
Our understanding of the emergence of life has made considerable progress in the last years, including advances in RNA catalyzed replication [1] [2] [3] [4] [5] [6] [7] [8] , synthesis of nucleotides [9] [10] and base-by-base replication with activated nucleotides 11, 12 . Stable autocatalytic replications of sequence information are thought to be crucial for the evolution into more complex systems. Autocatalytic replications have been experimentally demonstrated with carefully designed ribozymes 13, 14 , where an exponential growth of a group of mutuallycatalytic ribozymes was observed. However, it remains difficult to imagine how complex autocatalytic system could have spontaneously emerged from a pool of random sequences.
However, first-order replication with an exponential amplification faces two inherent instabilities: the error catastrophe 15 and a convergence to the fastest replicators 16 . First, most replication errors lead to inferior growth rates and fall behind the best replicating molecules. The balance between this selection and the error rate shapes a group of sequences termed quasi-species which is localized in the sequence space. If the error rate exceeds a threshold, the selection can no longer suppress the accumulation of sequence errors and the quasi-specie vanishes. This is termed an error catastrophe. It is a major bottleneck for molecular evolution since primitive replicators will be highly erroneous. The dilemma is that strands need to be long and more structured to create catalytic activity to decrease the error rates, but the error threshold is much harder to reach for longer sequences. Therefore, even if a self-replicating molecule emerged at some point in a prebiotic soup of random sequences, this single molecule would struggle to sustain its sequence information against the sequence majority of the pool.
The second dilemma is that first-order exponential growth will inherently converge to the sequence combination with the highest replication rate, therefore suppressing the ability to use oligonucleotides for the storage of information. In many systems, the shortest sequences will dominate the population, famously
shown by experiments of Spiegelman 16, 17 . For templated ligation as mode of replication, the sequences with the highest thermodynamic binding stability would ligate fastest and dominate the sequence space, but would have no freedom to store genetic information. Both the error catastrophe and the convergence to a common sequence puts strong limits to the emergence of early molecular evolution.
The hypercycle proposed by Eigen is a theoretical concept to overcome both dilemmas 15 . A hypercycle is a cyclic network of replication cycles in which the product of a replication cycle catalyzes the reaction of a next replication cycle. This cooperative mechanism amplifies the sequence information at a higher order 18 .
Let us consider a simple replication dynamicsẋ =kx Therefore, a more diverse pool of sequences will survive once they could gain a majority in one location. As a result, the system can explore more sequences and more diverse phenotypes, offering a wider search path for early molecular evolution.
Despite the above favorable properties of the hypercycle, the emergence of such a complex replication system with highly specialized cross catalysis was not expected from simple systems, at least in its original formulation. Although experiments have implemented designed replicator rings 13, 14, 20, 21 , the systems are either driven by a combination of proteins or require special catalytic sequences. A cooperatively enhanced growth rate mechanism for general oligonucleotide sequences has not been demonstrated.
Here, we performed long-term replication experiments with a simple ligation chain reaction (LCR) of oligo DNA strands under molecule degradation conditions simulated by serial dilutions. We demonstrate that multiple LCR rings with overlapping templates show the replication properties of a hypercycle. The sequences form a cooperative meta ring of cross catalysis, grow at a higher order, and show the frequencydependent selection of sequences. Furthermore, in simulations based on the experimentally determined ligation rates, we observed the spontaneous emergence of stable cooperative networks starting from a heterogeneous initial template concentrations over space. The mechanism could converge to a set of similar sequences at high concentration at a given location. It is important to understand that the mechanism does not require the sequence to encode a catalytic function. Rather, it offers a passive self-selection before the onset of Darwinian evolution. Catalytic function however would obtain a significant head start at locations where the initial fluctuations and the cooperative amplification picked a functional sequence.
In a nutshell, the amplification mechanism works as follows ( Figure 1 ). Ligation chain reactions form networks as they grow to larger strand lengths by templated ligation. We use the replication of oligonucleotides by the ligation chain reaction 22 (supplement S1). Two typically shorter strands are first bound by a complementary template strand and then chemically connected. At elevated temperatures, the ligation is sensitive to many bases of sequence information in the vicinity of the ligation site. After linking, the product tends to be bound to the template, but it can dissociate at elevated temperature, which could for example be brought about in a periodic manner by thermal convection. Then, both strands act as new template and trigger two subsequent ligation reactions, resulting in exponential replication. To keep the system tractable, we work in our experiments with a reduced sequence space of three 20mer DNA sequences a = 5'-atcag gtgga agtgc tggtt, b = 5'-atgag ggaca aggca acagt and c=5'-attgg gtcac atcgg agtct and their reverse complement a, b, c. We denote with capital letters both sequences A = {a, a}, B = {b, b} and C = {c, c}. We start the reaction with 40 mers, for example in Figure 3 with BC = {bc, cb} and CA = {ca, ac}. The ligation is supplied with the substrates of short 20 mers A,B,C. The 40mers BC and CA initially will experience an exponential but slow growth, due to their short length and thus lower stability to bind to the 40mer template. The sequences BC and CA cooperate by binding at the sequence C and produce the novel 60 mer sequence BCA. Now the ligations BC + A → BCA and B + CA → BCA which due to their length show an enhanced ligation kinetics. These reactions show a positive feedback since also the ligation of BC and CA from A, B, C will be enhanced. Both leads to a non-linear, hypercycle replication characteristics. The system will decide between the replication of BCA or BAC depending on the initial sequence concentrations. As a result, majority sequence concentrations of the past are more stable against minority sequences and preserving the history of evolving systems.
Materials and Methods
Experiments. We performed ligation reactions of DNA strands with a thermostable Taq DNA Ligase (supplement S1). This protein catalyzed reaction is a laboratory proxy for a yet unknown prebiotic ligation reaction such as for example the synthetic in situ activation chemistry with EDC [23] [24] [25] . Substrate DNA strands are three complementary pairs {a, a}, {b, b}, and {c, c}. The sequences were optimized to have similar ligation rates. We chose a ligation temperature of 67 °C where the 20 mer sequences bind less stable than 40mers and provide slower ligation as we will see (Figure 2a ). The rationale for the high temperature is that prebiotic ligation would increase with temperature, yielding the fastest kinetics just below the melting temperature of the strands. To provide enough exchange between the strands, all experiments are performed under thermal cycling conditions (67 °C for 10 s and 95 °C for 5 s). This is a proxy for thermal microscale convection with a similar timescale 17, 26 . In Figures 3 and 4 , we performed serial dilutions to simulate the exponential molecular degradation.
Ligation reactions have the useful property to enhance the replicate length, as opposed to base-by-base replication which often suffer from Spiegelman's tyranny of the shortest 16, 17 . Simulation. We used a brute force numerical approach to simulate the sequence network dynamics by creating systems of all sequence species with up to 2000 rate equations generated in C# and numerically solved using Mathematica (supplement S5) including the explicit serial dilutions. To be able to simulate the system, an effective thermodynamic binding approach was necessary. This assumes that the equilibration of the complex formation is faster than the thermal cycling and the binding of the ligase. A full temperature dependent simulation would be computationally too expensive. We thus used effective dissociation constants Analyzed by quantitative PCR, The rate of product formation for the long sequence was 215 pM per cycle for abc, about 40-fold higher than the 5 pM per cycle for creating the short sequence ab which under the temperature conditions had a lower probability to bind (Figure 2a) . The experiments were used to to quantify ligation for the subsequent simulations (supplement S3). We found effective dissociation constants First, the non-cooperating pairs BA and BC were chosen (Figure 3a) . Both withstood the exponential degradation, demonstrating their exponential replication, and settled into a steady state determined by the rates of replication and serial dilution. However, this mutual symmetry broke down when the motif CA was initially present (Figure 3b ). The sequence pattern BA was suppressed and approached extinction, whereas BC survived together with CA. It has to be noted that the need for substrates is symmetric, all motifs (b) and (c).
Frequency dependent selection. In Figure 3 , we have limited the length of the ligating sequences to 60 mer by not attaching phosphate groups at their ends. The same selection of majority sequences is found for fully ligating sequences which grow to considerable lengths ( Figure 4 ). Here, we compared the replication of two competing groups of cooperating templates. On the one hand AB, BC, CA will support the common, periodic motif ...ABCABC..., but starting with CB, BA, AC sequences, the reverse motif ...CBACBA... should emerge. Both motifs are two out of 6 possibilities of the two-letter sequences to cooperate (supplement S6).
Each of them is not promoting the ligation of the other two-letter sequences. As seen in Figure 4a , the sequences which initially have a majority concentration establish and survive in a steady state while the minority sequences decay exponentially (supplement S4). For both opposing biases, we observed splitting of the growth kinetics and confirmed that the initial bias was amplified, despite the fact that the replication at lower concentrations is faster due to reduced saturation effects. In contrast, an exponential replicator without interactions would immediately replicate both to the same high concentration levels (supplement S7). The length distribution was initially exponential, but after several cycles, long strands accumulated into fat tails.
Similarly shaped distributions were predicted by ligation models [29] [30] [31] . In our system, we find sequences with more than 160 bases, offering a good support for frequency-dependent selection of complex sequence. The simulations are predicting the selection dynamics. Due to the high order growth modes, the concentration becomes a major factor in replication. The experiments show how majority sequence networks can suppress minority sequence networks. Growth is therefore not only a function of the ligation rate, but the network of sequence cooperation can compensate a considerable thermodynamic binding bias ( Figure 3d ). As a result, sequences with lower ligation rate can survive and dominate by the cooperative growth rates, showing how a majority sequences can survive with a sub-optimal replication rates. This demonstrates how the sequence history of replication becomes important.
It also increases the diversity of the sequence pool in early evolution.
This contrasts results from ordinary ligation with the first-order amplification 13, 28 , in which only the fastest replicator wins. Since exponential first-order replication favors merely the sequences with the highest thermodynamic stability and ligation rate, it is likely that sequences composed of only G and C with low complexity would dominate the sequence space. But molecules with catalytic function require sophisticated high-order structures, which are unlikely for such thermodynamically stable and simple sequences. Here, frequency dependent selection from higher order growth opens new routes for the emergence of functional molecules.
Compared to base-by-base replicators, concatenation by ligation has an inherent tendency to produce sequences longer than the initial templates. Because longer sequences have more chances to cooperate with other sequences, longer strands are favored in cooperation networks. Indeed, we find a fat tail in the length distribution in our experiments (Fig. 4b) unlikely, and the network should be robust against parasites.
We measured the sequence dependence of the ligation rates and used it to model the experiments. The agreement with the experiments was very satisfactory. The only major parameters that needed slight adaptations were the overall ligation rate due to a different concentration of the ligation sites between experiments and a slightly varying degradation of the ligase depending on the protein batch used. This is why we can use the simulation to predict the system for scenarios too difficult to perform in experiment. The simulation ( Fig. 5 ) and analytical theory (supplement S7) predicts that the cooperativity causes the instability of the uniform state and the amplification from small concentration perturbations into patterns of majority networks similar to quasi-species, even against diffusion. Unfortunately, the continuous feeding along one dimension, while demonstrated in the past with microfluidics 37 , would be difficult to implement due to the predicted long experimental run times.
The cooperativity is caused by positive feedback and feed forward mechanisms. For example in Figure 2b , sequence matching 40mer two-letter sequences concatenate in a feed forward direction to form a 60mer with a three-letter sequence. The feedback loop is created backwards to the two-letter sequences since the created three-letter 60mers offer template sequences also to replicate more two-letter sequences. The shown mechanism bears strong similarity to chemical systems that amplify a chiral bias 38 . We therefore expect it to be also able to purify backbone heterogeneity based on differential duplex stability . In comparison, replication from single bases using ribozymes would be elegant, but requires a highly sophisticated machinery for the base-by-base replication 7, 45 . Non-catalytic replication is a very interesting third possibility 46, 47 , but similar to replication with ribozymes, a mechanism to implement hypercycle dynamics has not yet become clear in these systems.
Ligation provides a primitive replication function for sequences. As shown, the inherent cooperative characteristic of ligations can replicate complex sequence information stably. A problem however is that a polymerization mechanism is required to supply the ligation with the necessary short random oligonucleotides for ligation. Additionally, thermal cycling is required to eventually melt longer sequences. To implement both, a heat flow, for example across elongated rock pore systems on an early Earth 32, 48 , could implement thermal cycling 49 and enhance the concentrations to aggregate oligonucleotides and enhance polymerization 50 . Combined with a through flow, a thermal gradient can localize the replicated oligonucleotides and supply the replication reactions continuously. In a protein-catalyzed base-by-base replication, a thermal gradient was shown to overcome the dominance of short strands in and 17 .
Conclusion
Our experiments showed that a most basic mechanism -the joining of two DNA strands on a third template strand in a pool of diverse sequences -can form a cooperative cross-catalytic reaction network with higher-order replications of the sequence information. The higher-order growth dynamics can stabilize the replication of sequences against the inherent instabilities of simple first-order replicators and sets the stage for an enhanced Darwinian evolution under possible prebiotic conditions. 
S1. Ligation reactions
Single 20-base DNA strands serve as the minimum units. These oligomers are comprised of three complementary pairs (a, a), (b, b) , and (c, c) with one-base 5'-overhang, which reduces nonspecific ligations S1, S2 . The sequences are summarized in Table S1 . 20-base and 40-base DNA oligomers of a PAGE (Polyacrylamide Gel Electrophoresis) or HPLC (High Performance Liquid Chromatography) purification grade were bought from Biomers (Ulm, Germany). Melting curves (Fig. S2 ) of the 20-mer strands were measured by using fluorescent dye specific to double strands, 1x SYBR Green I (ThermoFisher Scientific, MA, USA) and PCR cycler (Bio-rad, USA). The melting temperatures of the three monomeric unit pairs are all 67.5°C when the was 250 nM each.
The ligation reaction (Fig. S1 ) was performed with the typically 5 ul reaction mixture containing 0.16 units/μl thermostable Taq DNA Ligase and 1x Taq DNA Ligase Buffer (New England Biolabs, MA, USA). The temperature cycling of 67 °C for 10 s and 95 °C for 5 s (Table S2) 
S2. Quantitative PCR (COLD PCR)
Sequence ordering was probed in terms of 40-base sequence motifs (Fig. 2a) by a modified real-time COLD PCR method for the data in Fig. 2a, 2c, 3a-c, and 4a   S3 . In this method, only 40-base sequences (AB, AC, BA, BC, CA, CB) are amplified by using a low denaturing temperature (Fig. S 3a and Table S3 ). PCR cycles are performed on a thermal cycler (BioRad, CFX96 Touch™ Real-Time PCR, USA) with a reaction volume of 2.4 μl containing 0.02 units/μl Hotstart Phusion Polymerase (New England Biolabs, MA, USA), 1x detergent-free HF Phusion buffer (New England Biolabs), 200 μM total dNTP mixture (New England Biolabs), 1x EvaGreen (Biotium, CA, USA), and 125 nM each of forward and reverse primers. The Phusion polymerase has no 5' -> 3' exonuclease activity. PCR solution was prepared on 96-well plates by a pipetting robot on the basis of ultrasonic liquid handling (LabCyto, USA).
The forward-primer sequences are aPCR: GCCAT AAAGG TGGAA GTGCT GGTT, bPCR: GCCAT AAAGG GACAA GGCAA CAGT, and cPCR: GCCAT AAGGG TCACA TCGGA GTCT. The reverse-primer sequences are aPCR: GCGTA TTCCA GCACT TCCAC CTGA, bPCR: GCGTA TTTGT TGCCT TGTCC CTCA, and cPCR: GCGTA TTACT CCGAT GTGAC CCAA. These sequences are similar to the corresponding ligation mono units but their 5'-end sequences are modified. Three bases at the 5' end were removed and short sequences GCCATAA (for forward primers) or GCGTATT (for reverse primers) were attached. These 5' short sequences are not complementary to the ligation products and increase the specificity of PCR amplification. We used primer pairs aPCR and bPCR for probing AB, and bPCR and cPCR for probing BC, for example.
In Fig. 1b and S5 , we used a special longer substrate bq = ATGAG GGACA AGGCA ACAGT GAACT CAGTG TAGCC TCAGAT for b in the ligations in order to differentiate ab and abc by PCR. We used higher denaturing temperature (98°C) for all the cycles with the primers aPCR and qPCR = GCGTA TTTGA GGCTA CACTG AGTTC for detecting BC or aPCR and cPCR, for detecting ABC.
We measured the amounts of the 40-base motifs by locating the horizontal positions of the real time PCR curves, Ct, by maxRatio method and obtained the calibration parameters α and β (Table S4 ). Table S3 for the protocol of COLD PCR.
Figure S3: COLD PCR. a, By denaturing at a low temperature, only short strands of dimeric sequence motifs are amplified, confirmed by a melting curve analysis after the amplification. In the first three cycles, the denaturing temperature is high for denaturing ligation products, which possibly contain long double strands. b, Calibration curves of COLD PCR. a, We initiated the COLD PCR cycles by dimeric strands mixture containing AB, AC, BA, BC, CA, and CB or without templates of different concentrations. PCR cycles were performed with different primers. c, We analyzed the horizontal positions of the PCR curves, or the cycle to threshold denoted by Ct, by locating the cycling number where the ratio of the concentrations between two successive cycles becomes maximum

S2 . Let xn be the strand concentration at the n-th cycle. Ct is n that maximizes xn / xn-1. By fitting logarithmic curves to the Ct-value series, we obtained calibration parameters (Table S4). d, Nonspecific amplification was checked by measuring the Ct values of the COLD PCR cycles initiated by different dimeric template (1 nM) and amplified different primer sets. See
Step Temperature (°C) Period (s) 
S3. Dissociation constant and ligation rate
In order to know the dissociation constants KD and the ligation rate k (Fig. S4) , we performed temperature cycling of ligation reactions without serial dilution (Fig. S5) . The initial solution contains, for example, a, b and cba (Fig. S5a) . The substrates a and b are ligated on the template cba and a product ab is produced. The ab strand does not template other reactions because the solution does not contain a and b. The amount of template strands does not increase and therefore the product grows only in a linear manner. By comparing the ligations a + b → ab and a + bc → abc on the template cba, we obtain KD and k as follows. For this simple ligation reaction, we could assume a comparably simple model of ligation and hybridization. For example, in the case of (i), the growth rate of the product ab becomes
Here, [ ]f and [ ]0 denotes the amount of free strands apart from the templates and the total amount of the strands, respectively. The conservation laws are
, and
By solving these equations at t = 0, we obtain the following equations 
[bc ] 0 )
. . kab and kabc were similar values. In the following simulations, we assumed that k is independent of the sequences of substrates and templates.
In case of (ii) and (iii), Kd,60 also affects the growth curves although it has no effect on vabc and uabc. By fitting the simulated curves with the parameters obtained above, we roughly estimated KD,60 to be 2.7 nM. 
Figure S5: Linear ligation experiments for measuring the dissociation constants KD the reaction rate k with various combinations of substrates. We performed thermal cycles between 67°C for 10s and 95°C for 5s without serial dilutions. For measuring the amounts of AB and ABC separately, we used a special longer substrate bq = ATGAG GGACA AGGCA ACAGT GAACT CAGTG TAGCC TCAGA T for b. The sequence q does not hybridize to c and is
S4. Gel electrophoresis
Denaturing electrophoresis S5 was run at 400V for 15 min in 1x Tris-Borate-EDTA buffer (pH8) with denaturing polyacrylamide gels containing 12.5% acrylamide/bisacrylamide (19:1) and 50% urea (Carl Roth, Karlsruhe, Germany or WAKO, Japan). DNA strands were probed with a fluorescent dye 1x SYBR Gold (Thermo Fisher Scientific, MA, USA). The gel image was taken by a CCD camera on an UV transilluminator (Fig. S6) or an LED-illuminated gel documentation station (Fig. S7a) and analysed by lab-developed LabVIEW (National Instruments, USA) program. The pixel intensity data was projected to one dimensional intensity profile in the lane axis direction. Peaks in the profile were fitted by super-positions of Lorentzian functions to estimate the DNA amount contained in each band (Fig. 2b and S7b-e). 
S5. Numerical simulations
We solved deterministic differential equations on Mathematica 10.1 (Wolfram research, IL, USA) . The equations include all the essential features of the experiments including the ligations, hybridizations between strands, conservation laws, and serial dilutions that feed substrates and dilute the products. The simulation parameters (dissociation constants and ligation rate) were determined by experiments (supplement S3). These parameters reproduced the experimental data well qualitatively. We modified the ligation rate to incorporate the effects of the limited amount of the ligase and the ligase degradation. The modified parameters reproduced the results quantitatively. The details will be described in the following. Because of the inherent symmetry in the system between (a, b, c) and (a, b, c) , it is not necessary to distinguish them in simulations. In the following, we use the notations (A, B, C) .
In experiments, we cycled temperatures. As cooled down to 67°C, hybridized complexes form and ligation reactions take place. As heated to 95°C, the ligated products and substrates dissociate from the template. It is not reasonable to simulate the step-wise hybridization and dissociation kinetics at high temperatures and to model the serial dilution in a discontinuous fashion. Instead, we solved differential equations of a continuous model. The simulation reproduced the experimental results well (Fig. 2, 3 and 4) . Note that all concentrations are large enough such that stochastic simulations were not necessary and ordinary rate equations with concentrations were sufficient.
The continuous simulations were performed with approximations that (i) ligations take place at a constant rate from a complex containing neighboring hybridizations of substrates on a template and (ii) the complex formation is equilibrated with effective dissociation constants KD determined by experiments (supplement S3). By solving the conservation laws of the strand concentrations, the complex concentration is determined. The ligation rate is the same independent of the substrate and template sequences (supplement S3). The serial dilution was implemented by explicit dilution and feeding process except Fig. 5 and S8. This will be explained later. In Fig. 5 and S8, the serial dilution was simulated with a constant degradation term with a dilution rate d.
Because it is not feasible to consider all the sequences to be involved in the reactions, we limited the maximum length of strands to 120 bases (Fig. 4a), 640 bases (Fig. 4b) , or 80 bases (Fig. 5, S8 ). As evaluated with control simulations with shorter and longer strand lengths, the simulated lengths a ffect the results only insignificantly. In Fig. 4a , we did not observe a qualitative difference when we shortened the maximum length of the simulation. We did not find a clear tendency when the maximum length is varied. In  Fig. 4a , for instance, the amount ratio between the majority and minority sequences at t = 1200 cycles were 443 with 80-base maximum, 781 with 100-base maximum length, and 538 with 120-base maximum length. In Fig. 4b , the affect of the change in the maximum length does not affect even quantitatively because the maximum length of 640-bases are sufficiently long and most strands contained are much shorter as seen in Fig. 4b. In Fig. 2b, 2c and 3 , because the strands do not concatenate longer than 60 bases due to limited number of initial 40-base template strands, we simulated all possible sequences in the calculation.
We considered all the possible complexes containing up to three strands (Fig. 4, 5 , and S8) or four strands (Fig. 2b, 2c and 3 ). This approximation is reasonable because the chance of a large complex formation is much smaller than the three-or four-body complexes. Hybridizations into large complexes tend to be composed of a combination of three-or four-body complexes and thus does not change the mechanisms qualitatively. Moreover, the larger the complex becomes, the longer time it takes to build the complex due to the limited diffusion time to assemble the complex. This kinetic disadvantage limits the concentration of a large complex in the present experimental system with the finite reaction time.
Still, with all of above, the resulting kinetic equations are still huge due to the large number of sequences. The size of the ASCII-file that contain the equation amounts to 30MB. We compiled a PDF with small font size of the whole equations solved and include in the supplement the Visual C#-source code that was used to generated the equations for Mathematica to solve. In order to understand the logic, we show for a short reaction system the parts of which the original equations were composed of:
Reactions: In experiments, we diluted by 1/6 every 50 thermal cycles. We included this serial dilution process in the simulations for Figs. 3 and 4. We did not explicitly include this effect in the simulations for Fig. 5 and S8 , instead we performed a continuous simulation including dilution terms with a corresponding dilution rate d = 0.036/cycle. The feeding term + dm0 was added only to the reaction equations of monomers. m0 is a feeding concentration of monomers and we used the values of the corresponding experiments.
k' is a reaction rate and independent of strand length and sequence. k ' (t )=α k f τ (t ) . Here, k is determined by experiments (supplement S3) to be 3.0 nM
. The coefficient α corresponds to the modification due to the limiting amount of the ligase. When the DNA strands in the solution is high, the ligase that DNA strands can use is limited. Thus, the ligation rate decreases effectively with the amount of the DNA strands. The term fτ(t) corresponds to the ligase degradation effect. At each serial dilution, fresh ligase will be put into the solution. We assumed that the ligase degrades exponentially with a time constant of τ. In the n-th round of serial dilutions,
where p is a dilution ratio at each dilution (= 1 / 6), and t0 = 50 cycles is the period between succeeding serial dilutions. We found that τ = 80 cycles reproduced the experimental data well. This is a reasonable length for the thermostable DNA ligase.
Hybridizations:
As noted, we calculated the hybridized complex concentrations by using the equilibrium binding expressions with the effective dissociation constants KD,n to reduce the computational cost. KD,n corresponds to the hybridization with a n-base overlap. We determined KD,20 , KD,40, and KD,60 by experiments (supplement S3). For the overlap longer than 60 bases, we used the same value as KD,60 ( KD,n = KD,60 for n > 60). This is a reasonable assumption by the binding thermodynamics. Complex concentrations were calculated by, for instance,
Here, [ ]f denotes the concentration of the free strand. [AB, C / A, BC] denotes a four-body complex where AB and BC are hybridized with overhangs, and C and A are hybridized to these overhangs. Some complexes have isomers, that is, they have the same compositions but have different hybridization shapes. For example, AA can hybridize to AAC in two ways; one with only 20-base overlap and an overhang and one with 40-base overlap and no overhang. We differentiated these isomers:
As noted, we included the hybridizations with imperfect matching. We counted the overlap length only in the region with the matching. For example, ABC/ACC has only 40-base overlap in total. Therefore, we use KD,40 for this hybridization.
[ 20 .
Conservation laws:
The following conservation laws were solved with the above hybridization expressions to obtain the free concentrations of strands such as [A] f and [AB]f. This determines the complex concentrations necessary in the reaction equations. . We assumed KD,n = KD,60 for n > 60 for simplicity since longer strands n > 60 were estimated to yield a similarly large high probability to bind to a matching strand than the 60 bases. The simulation details vary according to the corresponding experiments as follows.
Serial dilution:
The serial dilution was implemented as follows except Because such an explicit implementation of serial dilutions was not feasible in Fig. 5 and S8 , we simulated the serial dilution with a continuous degradation of 3.6% / cycle ( = 1 -(1/6) 1/50 ). Fig. 2b and 2c) .
Cooperative ligation (
Because the strands do not elongate longer than 60 bases due to limited number of initial 40-base template strands, the model equations are relatively simple. To test and for completeness, not only the threebody binding, but also four-body bindings were calculated. Including these computationally very elaborate, but in the reaction not very significant complexes did not affect the results significantly. Apparently, they are well enough covered by the modeling of the dimeric binding kinetics. The solved equations in the Mathematica (Wolfram) form is shown below. (Fig. 3) .
c0'[t] == k[t] (-a[t]c[t]ac[t] -b[t]c[t]bc[t] -ab[t]c[t]bc[t] -b[t]c[t]abc[t] -ab[t]c[t]abc[t]*r2)*r1*r1 +(-a[t]b[t]c[t]abc[t] -a[t]bc[t]ab[t]c[t])*r1*r1*r1, ab0'[t] == k[t] (+a[t]b[t]ab[t] -ab[t]c[t]bc[t] +a[t]b[t]abc[t] -ab[t]c[t]abc[t]*r2)*r1*r1 + (a[t]b[t]c[t]abc[t] -a[t]bc[t]ab[t]c[t])
Selection by cooperation
Because the strands do not elongate longer than 60 bases due to limited number of initial 40-base template strands, the model equations are relatively simple. To test and for completeness, not only the threebody binding, but also four-body bindings were calculated. Including these computationally very elaborate, but in the reaction not very significant complexes did not affect the results significantly. Apparently, they are well enough covered by the modeling of the dimeric binding kinetics.
For Fig. 3d , we biased kD so that A and B bind more stably than C. More specifically, kD was biased as √m k D for the hybridization including A and B, and √1/m k D for the hybridization including C. Here, the parameter m is the number indicated in Fig. 3d as 1.3, 2, 3, and 4 Since the number of possible sequences grow exponentially with the length, we restricted the maximum length to six and neglected the reactions that produce strands longer than 120 bases in order to suppress the computational time. As shown before, the four-body bindings which are computationally very expensive are not expected to significantly affect the results and were not calculated. (Fig. 4b) .
Length distribution
The simulation results indicated that the length distribution is mostly determined by the dominant sequences. Thus, considering only reactions including sequence motifs AB, BC, and CA, the number of reaction terms decrease dramatically and the prediction of the length distribution is not significantly affected. We calculated the length distribution by using terms of up to a length of 640 bases (32 units). Fig. S9) and spatial pattern formation (Fig. 5, S8) We started the simulations in Fig. S9, S8 and Fig. 5 with uniform concentrations of all the nine dimer templates with 5% concentration fluctuations. We restricted the maximum length to 80 bases and neglected the reactions that produce strands longer than 80 bases in order to reduce the computational time. Again, four-body bindings were not considered. The dilution rate was d = 0.045 /cycle. This slightly higher value than experiments was used because this provided better splitting.
Symmetry breaking (
S6. Stochastic emergence of self-sustaining sequence structure
For the one-dimensional simulations in Fig. 5 and S8 , diffusion terms such as D ∂ 2 [ A] / ∂ x 2 are incorporated into all the reaction equations. Here, D is a diffusion coefficient and is independent of sequence and strand length for simplicity. We used a periodic boundary condition. In the simulations, we find the following six patterns of collaboration with the used three sequences if the cooperation is active (Fig. S8 Below in Figure S9 , we present simulation runs with a homogeneously mixed solution. As can be seen, the system amplifies the stochastic initial conditions with 5% variations in concentration to emerge above cooperating two letter sequences. We find the six classes of cooperation as indicated above. Of course it would interesting to see how which cooperating sequences would emerge from complex sequence starting conditions, but this is left for future studies. The equations (7.1.1) are simulated in Fig. S10 . With positive p (Fig. S10a) , AB and BC accumulate in the early stages. Then, along with the growth of ABC, the growth of <AB> and <BC> accelerates. This higher-order growth is seen in the downward convex of the <AB> and <BC. curves. This demonstrates the positive feedback mechanism by the cooperation. The growth of <AB> and <BC> accumulates a longer strand ABC. This ABC mediates the cooperation between AB and BC and accelerates the growth. The above mechanism is further demonstrated in Fig. S10c. There is a threshold level (indicated by a black thin line) independent of the initial amount where the growth acceleration starts.
Without the cooperation (Fig. S10b) , such a higher-order growth is not observed. Actually, with p=0 , it is a simple first-order autocatalytic system with an exponential growth limited by the substrate depletion:
Thus, p defined based on the KD ratio determines if the higher-order growth takes place. The two factors; (i) The cooperation mediated by a longer strand and (ii) the ligation is faster with a longer overlapping account for the highergrowth.
Competition between two sequence motifs
To discuss the competition between the sequence motifs, we further simplify the above equations into a general autocatalytic system with a nonlinear term. Think of two competitive sequence motifs α and β sharing the same substrate: For example, α and β correspond to {<AB>, <BC>, and <CA>} and {<CB>, <BA>, and <AC>}, respectively, in Fig. 4a . S−α −β is the amount of the substrates.
We do a standard linear-stability analysis to study the equations. The steady state is obtained by solving, or The stability of these steady states against a small perturbation are determined by the sign of the eigenvalues of the Jacob matrix. If all the eigenvalues are negative, the state is stable. If the eigenvalues contain a positive value, the state is unstable and is not realized. The Jacob matrix at the steady state is ) . The sign of the cooperativity p determines the stability of the uniform state. If p>0 (positive cooperation, hyperexponential growth), uniform state is unstable because λ 1 >0 . Separation takes place. If p=0 (no cooperation, exponential growth), uniform state is neutral because λ 1 =0 and λ 2 =−2 k α 0 <0 . If p<0 (negative cooperation, subexponential growth), uniform state is stable because λ 1 <0 and λ 2 = λ 2 −2 k (α 0 +p α 0 2 )<λ 1 <0 . Such the negative cooperation is possible if the product inhibition is strong. The motifs with lower frequency have higher growth rate. The curves simulated by (7.2.1) are shown in Fig. S11 . The above analysis clarifies that the nonlinearlity by cooperation demonstrated experimentally in Fig. 2c drives the frequency-dependent selection demonstrated experimentally in Fig. 4a. 
One dimensional system
To discuss the pattern formation observed in the simulation (Fig. 5) , we add a diffusional term to the above model. D , uniform state is unstable and a spatial pattern forms spontaneously. This inequality reasonably suggests that the pattern becomes finer with smaller diffusion and larger reaction rate. Fig. S12 shows an example of the pattern formation simulated by (7.3.1) with different p. This demonstrates that the pattern formation does not take place without a cooperation (Fig. S12b) as seen in Fig. S8 . 
S8. Supplementary data
Replicates of experimental data of Fig. 2b, 2c, 3b, 3c , and 4a. are shown in Fig. S13 . The experimental conditions are slightly different. However, this does not affect the conclusions of this paper. 
